Abstract: Magneto-rheological (MR) fluid damper is a semi-active control device that has recently received more attention by the vibration control community. But inherent nonlinear hysteresis character of magneto-rheological fluid dampers is one of the challenging aspects for utilizing this device to achieve high system performance. So the development of accurate model is necessary to take the advantage their unique characteristics. Research by others [3] has shown that a system of nonlinear differential equations can successfully be used to describe the hysteresis behavior of the MR damper. The focus of this paper is to develop an alternative method for modeling a damper in the form of centre average fuzzy interference system, where back propagation learning rules are used to adjust the weight of network. The inputs for the model are used from the experimental data. The resulting fuzzy interference system is satisfactorily represents the behavior of the MR fluid damper with reduced computational requirements. Use of the neuro-fuzzy model increases the feasibility of real time simulation.
INTRODUCTION
Vibration suppression may be considered as key component in the performance of civil engineering and mechanical structures for safety and comfort of their occupants. To reduce the system vibration, effective vibration control of the isolation is necessary. Vibration control techniques have classically been categorized into two areas, passive and active controls. Another semi-active control approach has been investigated by several researchers where it has better performance than passive control and required less power than active control. Recently it has been found that magneto-rheological fluids can be quite promising for vibration reduction application. MR fluid damper has some advantageous features including; fail-safe, low power consumption, force controllability and rapid response. However, a major drawback that hinders its application rests with the nonlinear force/displacement and hysteretic force/velocity characteristics.
There are several MR damper models proposed by researcher using a range of techniques. Model obtained by a deterministic approach include the Bingham, Bouc-Wen, phenomenological model and others [1] [2] [3] [4] [5] . The validity of these models for predicting the hysteresis behavior has been favorably proved by comparing with experimental results. Here in this study present an alternative for modeling MR fluid damper in the form of a self tuning fuzzy interference system where centre-average defuzzification is consider to compute the output. The back propagation learning rules are used to adjust the weights of the networks so as to minimize the sum squared error of the network. This is done by continually changing the values of network weight in the direction of steepest descent with respect to error which is called gradient descent procedure. Once a model is selected the values of system parameters are determined in such a way that the error between the experimental and simulated response is minimized.
EXPERIMENTAL APPARATUS
To take full advantage of the unique features of the MR damper in control applications, a model must be developed that can accurately reproduce the behavior of MR damper. The load frame shown in Fig.1 was designed and build for the purpose of obtaining the MR damper response data necessary for identification studies. In this experiment a hydraulic actuator (VibMaster) manufactured by park electronics, was employed to drive the damper. The actuator has a 3.5 cm diameter cylinder and a ±20 mm of stroke which was fitted with low friction Teflon seals to reduce non-linear effects. A servo-valve, made by Moog Inc., with a nominal operational frequency range of 0-50 Hz was used to control the actuator. A linear variable differential transformer (LVDT) was used to measure the displacement of the piston-rod of the MR damper, and Bongshin load cell with range of ±500 Kg was attached in series with the damper to measure the output force.
Fig. 1 MR damper test Apparatus

Hysteresis modeling of Magneto-Rheological (MR) fluid damper by Self Tuning Fuzzy control
The prototype MR damper used in this work is a RD 1005-3 model manufactured by LORD Corporation. The damper has a compressed length of 155mm, extended length 208mm, body diameter 41.4mm and piston rod diameter 10mm. This damper accepts a maximum input current of 2A at 12 V DC with response time is less than 25ms.
MODELING MR DAMPERS
Introduction
In this work several MR damper model has been consider to predict the damping force in different environment depending on current, displacement and velocity. Among them Bingham model, Bouc-wen model are widely known in vibration and control engineering. Because of mathematical complexity the Bouc-wen model is not convenience to use in real time control system. Bingham model is using less mathematical equation compare to Bouc-wen model, but the model is not effective to predict the damping force in hysteresis curve in low velocity region. To avoid the mathematical complexity and easy to use in real time control an alternative fuzzy model is proposed by Kyle C. Schurter and Paul N. Roschke [6] . But still they used some mathematical equation to train up the model which is noiseless. But in real time system there are some noise and model should have performance with all real time system. So here another self tuning Fuzzy model for MR damper is proposed where experimental data used to train the model.
Experimental analysis
Equivalent schematic of real system is shown in Fig.  2 for a clear view of real system. The assembled MR damper shown in Fig. 1 is tested in laboratory to obtained data that is used to characterize its behavior with a fuzzy model. Testing of the damper involves axial extension and compression with sinusoidal signal of different frequencies while simultaneously subjecting the magnetic coil to varying current supply. Output of each test is the force which is generated by the damper. The system is excited up to ±5mm by hydraulic actuator within frequency of 1-2.5 Hz. Likewise, range of current supply to the damper is 0-1.5A. The input signal for the system excitation is sinusoidal signal. A time step 0.002 is used to produce 5000 sets of data obtained from the experiment. 
The output damping force with respect to time and displacement in different current level is shown in Fig.  3 (a) and 3(b) respectively. It is observed in Fig. 3 (c) that the force produce by the damper is not centered at zero. This effect is due to the pressure of accumulator in the damper. The accumulator helps to prevent cavitations in the fluid during normal operation and accounts for the volume of fluid displayed by the piston rod as well as thermal expansion of the fluid. Another important feature in force-velocity response shown in Fig. 3(c) is the upper branch of the force-velocity curve, which corresponds to decreasing velocities (i.e. negative acceleration, and positive positions).In large positive velocities region, the force of the damper varies linearly with velocity. So for modeling the damper characteristic, we need to consider all of those behaviors of the damper regarding force generation.
Modeling method
To evaluate the performance of MR dampers in vibration control application and to take a full advantage of the unique feature of these devices, a model is needed to accurately describe the behavior of the MR damper. Here a self tuning -Fuzzy neural network method is proposed. This fuzzy model is based on centre-average defuzzification architecture, which is a computationally efficient and well suited for implementation of non linear system. Back propagation is used to decide the shapes of membership function and fuzzy rules together with the gradient descent method. The fuzzy inference system has higher learning ability that improves the control qualities. The overall structure of the proposed self tuning Fuzzy model is shown in Fig. 4 : Fig. 4 Structure of the proposed control algorithm
The displacement input, of the controller is decided by five membership function with the same interval in a range from -1 to 1. As the displacement of the system is from -5mm to +5 mm so gain K 2 =1/5 is considered to make the input from -1 to +1 for the controller. At the same time the maximum velocity of the system was -8cm/sec to 8 cm/sec so gain K 3 =1/8 is decided to make the input from -1 to +1 for the controller. The initial output weight of membership function is decided from the Fig. 5 where the force values are taken from the corresponding point of input displacement and velocity curve. As the force value of compression and extension is not same with the same velocity, so the output weight of membership function is not with the same interval. The output of controller U f is multiplied with the output of fuzzy tuning gain K c for estimated damping force. The current input range is from 0-1.5 A for the experimental system. So gain K 1 =1/1.5 is taken to make the input range from 0 to 1. And the output membership weight is calculated from the corresponding maximum force values in Fig.8 
Controller analyses
As neural network is able to approximate any continuous function, it can easily be selected as the identification model for MR damper. So a Fuzzy neural network model is proposed here for modeling of MR damper. There are three inputs to the controller: current u 1 , damper velocity u 2 and displacement u 3 . The estimated force generated by the controller can be expressed by the following equation:
where the force depends on three inputs; current u 1 , damper velocity u 2, and displacement u 3 . The sign of estimated force depends on the sign of velocity. The decided membership function by back propagation algorithm and fuzzy rules together with gradient descent method has higher learning ability. So control qualities are improved.
Online self tuning Neuro-Fuzzy controller design
From each input variables, five triangle membership functions (MFs) are used. The centroids of the membership functions are set at the same intervals initially as in Fig. 6 (a) and MFs can be expressed as follow:
where a j is the centre of the j th triangle and b j is width; N is the number of triangles. In the proposed neuro-fuzzy controller, with inputs (u 2, u 3 ), the control output can be computed from equation (3).
where μ j and w j are the height and weight of the control output respectively, which obtained from the j th rule. In the rule table 1 (table 2) 
The error is defined by the following equation where f r is the reference input for the task of MR damper. 
where:
and
where, To explicit the equation (9) the premise of membership function has to be calculated by the following equation:
where a j is the centre, b j is the width of the j th triangle;
and N is the numbers of triangles. The input membership range is considered from 0 to 1 for input current 0A to 1.5A. So the corresponding force values are considered as a ratio of 0 to 1 for 0-1500 N from the graph. Table 3 Fuzzy rule table 2 Current Z VS S M B
K c VS S M B VB
Here, according to current input the output K c will change as mention in rule table 2 of table 3, 
RESULTS AND DISCUSSION
In this section, results are shown to observe the effectiveness of the model. The estimated and actual damping forces of the damper are plotted in Fig.9 . Through learning process by back propagation, the Fuzzy model can accurately capture the damping force of MR Fluid damper in different conditions without changing the parameters. Several tests are conducted with current from 0A to 1.5A. The tracking accuracy of the model for two current values is shown in Fig. 9 (a) where the Estimated force with respect to time mimics the experimental force fairly well in both current levels. And the effectiveness of model is shown with hysteresis behavior of MR damper in Fig. 9(b) . The self tuning Fuzzy model shows a good result especially on low current level. When the velocity is very high with positive and negative value the estimated force follow the real force accurately. But in zero velocity regions there are some error that is because of system compliance and experimental noise. Even though there is some error this model still do the better performance then some mathematical model. 
CONCLUSION
This paper presents a model for MR fluid damper which can follow the characteristics of the damper. From the experimental results it is clear that the online self-tuning fuzzy model possesses hysteresis behavior that more closely resemble with velocity in the low current compare to high current. When Bouc-Wen and other mathematical models need to high level of numerical computation for finding parameters and every time needs to change the parameters for the different environment, here in this model the computational requirement is much more less than other models and the parameters are adjusted automatically by learning through back propagation in different environment. The other Fuzzy models develop by Kyle C. Schurter and Paul N. Roschke [6] where they use mathematical equation to mimic the experimental data, which is easy to get good result but not good for real time control. Because in real time experimental data have lots of noise and model has to be adjustable with real time system. But this proposed self tuning fuzzy model used experimental data to train the model which is more realistic. And good results found so this model is more effective easy and reliable to real time control. Definitely this model makes easy to work with controller. So an online self tuning fuzzy model of a MR damper can be used as a design tools by engineers and researcher to further exploit benefits of semi-active control.
